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Abstract—Robotic socceris achallengingreseach domain becausenany
different reseach areashave to be addressedn order to createa successful
team of robot players. This paper presentsthe CSFreiburg team, the win-
ner in the middle sizeleagueat RoboCup 1998,2000and 2001. The paper
focuseson multi-agent coordination for both perception and action. The
contributions of this work are new methodsfor tracking ball and players
obsewed by multiple robots,team coordination methodsfor strategic team
formation and dynamic role assignment,a rich setof basic skills allowing
to respondto largerange of situationsin an appropriate way, an action se-
lection method basedon behavior networks aswell asa methodto learn the
skills and their selection. As demonstratedby evaluations of the different
methodsand by the succes®f the team, thesemethodspermit the creation
of a multi-r obot group, which is able to play soccersuccessfully In addi-
tion, the developedmethodspromiseto advancethe state of the art in the
multi-r obot eld.

|. INTRODUCTION

In 1993, Mackworth proposedobotic soccerasan applica-
tion for demonstratingntegrationof methodsfrom Al, vision,
androbotics[22]. The RoboCupinitiative [19] went one step
further and proposedo usethis domainasa benchmarkprob-
lem for Al androbotics,andthey startedto organizeinterna-
tional competitions. Nowadays,RoboCupcomprisesa scien-
tic symposiumyoboticdemonstrationsgandcompetitionswith
realandsimulatedrobotsin differentleaguesandit enjoys high
popularityamongresearcherandin thegenerapublic.

The CSFreiburg! teamparticipatessince1998in themiddle-
sizerealrobotleague(F2000).1n this leaguea maximumnum-
berof 4 autonomousobotsperteamwith afootprintnotgreater
than2000mm competeona eld of approximately@ 5meters
fully surroundedby 50cmhighwalls’. A gamelasts2 10min-
utes.Theparticularchallengean this leagueis to coverawhole
spectrumof researchssuesrangingfrom robotic hardwarede-
velopmentndlow level sensointerpretatiorupto planningand
multi-agentcoordination.

In the F2000league global sensingsystemsg.g.,a camera
capturingthe whole scenefrom a bird's eye of view, are pro-
hibitedandonly local perceptions allowed. However, wireless
communicatiorbetweerplayersandwith processinginits out-
sidethesoccereld is allowedandmary teamsmake extensive
useof it. All playersof ateamareusuallystartedandstopped
by wirelesscommunication.Oncea gameis startedno further
humaninteractionis allowed andall decisionshave to betaken
autonomouslyy therobots.

The CS Freiburg teamhascompetedfour times at interna-
tional RoboCupcompetitions. The teamcamein third at one
tournamen{37], [26] andwon the World Championtitle three
times[1], [15], [28], [39], [4], [40].

CS Freiburg standsfor Computer Science Department, University of
Freiburg. In addition,it isapunon SCFreiburg, afamoudocal (human)soccer
team.

Note, thatfrom 20020n, all walls aroundthe eld areremoved.

This paperpresentghe CSFreiburg teamasa casestudy of
a successfutobotic soccerteamwith a focuson coordination
in both, perceptiorandaction. The main contributionswe will
focusonare:

new methodsfor trackingthe ball and playersobsened by
multiple robots,

teamcoordinationmethodsfor strateyic teamformationand
dynamicrole assignment,

arich setof basicskills allowing to respondo largerangeof
situationsin anappropriatavay,

anactionselectionrmethodbasedn behaior networks,and

alearningmethodto adaptto new hardwareandto new envi-
ronments.

We will not describeour self-localizationmethodbasedon
laserscang[17], [15]. Instead,we will only notethat we get
almostperfectself-localizatiorin theparticularervironmentour
robotsareactingin.

The paperis organizedas follows. Sectionll gives an
overview of the hardware andthe software architectureof the
CSFreiburg team. The perceptiontechnologyand cooperatie
sensotinterpretatiorapproaclhis presentedn Sectionlll. Sec-
tion IV illustratesthe teamcoordinationmechanisnincluding
dynamicrole assignmenand team positioning. The player's
basicskills andthe methodof selectingthemare describedn
SectionV. SectionVI concludegshepaper

Il. OVERVIEW

A. Hardware

The basisof the CS Freiburg soccerrobots are Pioneer |
robotsasmanufcturedby ActivMediaRobotics However, they
have beenheavily modi ed andenhancedo meetthespecialre-
guirement®f soccelplaying. Figurel shovsoneof theplayers.

Fig. 1. A CSFreiturg player



Equippedwith a Pioneerll controller boardinsteadof the
originalone,arobotis ableto move considerablyaster A caster
roller insteadof the original rear casterwheelallows for more
precisemotion control. Furthermorenickel-cadmiumbatteries
areutilized becausef their light weightandhigh speedchag-
ing capability

For ball handlingandshootinga kicking device with movable
ball steeringippers isincorporatedA close-upof thedeviceis
shawvn in Figure2. The kicking plate is strainedby a wind-
screenwiper motor and releasedby a solenoid. The springs
pressingon the plate are strongenoughto producea kick that
shootsthe ball well over the whole eld. Two DC-motorsal-
low to turn the ippers to an uprightpositionandback. As the

ippers areonly neededor controllingthe ball, they areturned
upwardswhentheball is not presentn orderto decreas¢herisk
of entanglementwith otherrobots[39].

Fig. 2.

Close-upof thekicking device.

For self-localizationand recognitionof otherrobotson the
eld aSICKLMS200aserrange nder is employed. It provides
depthinformationfor a eld of view with anangularreso-
lution of andanaccurag of 1 cm[26].

The ball is perceved by a Sony DFW-V500 digital cam-
era. Framesare providedin YUV formatwith a resolutionof
320x240pixelsandareprocesseat a framerateof 30fps[40].

The "brain” of arobotis a SonyVaio PCG-C1VEnotebook.

Via the rewire interfaceit connectsdirectly to the camera.

Serial-to-USBcorvertersare necessaryo connectto the mo-
tor controllerboard(by RS232)andthe laserrange nder (by
RS422). As no commerciallyavailable RS422-to-USBcon-
verteris capableof therange nder' s 500Mbaudrate,a custom
madeonehasbeenbuilt by SICKAG.

The describedhardware setupallows a playerto play in a
fully autonomousvay. However, for coordinategerceptiorand
coordinatedeamplay it communicatesvith its teammatesnd
anoff- eld (standardromputeuusingaWavelLanl1 Mbit/s (2.4
GHz) PCMCIA-card.

B. Softwae Architecture

The CSFreiburg playersarecapableof playingin afully au-
tonomouswvay basedsolely on informationfrom their own sen-
sors. Additionally, they are able to exploit the possibility of
communicatingwith their teammatesiuring a game. Unfortu-

andteamsrelyingonit raninto severeproblemsin thepast.CS
Freiburg'sdesignis to rely only oninformationgatheredocally
on-boardof eachrobotbut to bene t from information broad-
castedby wirelesscommunicationf available.

Communicatiorenablegheplayersto organizethemselesas
ateamandto bene t from thesensorynformationof theirteam-
mates.Figure3 depictsthe teamarchitecture.Via radio Ether
netlink the playerscommunicatevith anoff- eld computer A
global sensorintegration modulerunningon the off- eld com-
puter integratesthe player's local informationaboutthe world
into oneconsistenglobalworld model.In turntheglobalworld
modelis distributed amongthe playersgiving themthe possi-
bility to enhanceheir local modelsof the world. A graphical
userinterfacevisualizesthe global world modeltogetherwith
variousstatesf therobotsandallows to sendcommanddo the
playersj.e.,for startingandstoppingthegame.
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Fig. 3. Teamarchitecture.

Figure 4 shows the architectureof a player The perception
moduletakesinformationfrom the sensorsand— if available—
from theglobalworld modelandmaintainsalocal world model.
The local world model providesthe basisfor the action selec-
tion mechanisnthat decideswhich action from a setof basic
skills shouldbe carriedout by the player The strategy com-
ponentconsidershoth the world modeland messagefrom the
teammatesandensureghatanactionaccordingto the player's
currentteamrole is selected.All modulesare activatedevery
100msecin orderto determinghenext actionto execute.

communication action

selection

strategy

e

perception

basic actuators

skills

sensors

Fig. 4. Playerarchitecture.

Note, that the global sensorintegration could be performedlocally on a

nately wirelesscommunicatiorcanbeunreliablein mary cases playeraswell.



I11. PERCEPTION AND COOPERATIVE SENSOR

INTERPRETATION
A. Perceptionsystem

The perceptionsystemof the CS Freiburg robot playersis
basedon laserrange nder dataandvision informationfrom a
x ed-mountednonocularcamera.Figure5 depictsthe percep-
tion modulewhichis thecoreof eachrobot. Brie y, arobot rst
localizesitself by extractingline segmentsrom a scantakenby
therange nder andmatchingthemwith a hand-craftea priori
line modelof the RoboCupervironment.Only linesof acertain
minimum extentaretakeninto accounto discardotherplayers
presenin thesensors eld of view. Thescan-matchegosition
is fusedin aKalman Iter with theestimatefrom odometry{15],
[16]. Experimentshawv thatthis localizationtechniques very
accuratgwith anerrorof about2 cmand ) andthatit is faster
andmorerobustthancompetingnethodq17].
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Fig. 5. Perceptiormodulerunningon eachrobot.

Asin 2002the eld wallswerereplacedy polessurrounding
the playing eld the describedtechniquewas extendedto ex-
tractline sgmentshy identifying the gapsbetweemeighbour
ing polesin the scan.For this, a scanis clusteredanda "virtual
line” is recordedif the distancebetweentwo clustersmatches
theknown poledistance Virtual lineslying onthe sameinde -
nite line arethenmergedto "candidatdines” for beingmatched
with the eld outline. However, only thosecandidatdines are
matchedwhich have a certainminimum length and consistof
a sufcient numberof virtual lines. Additionally, a candidate
lineis ltered away if it is partially or completelycoveredby a
candidatdine closerto the scans center(seeFigure6).

In anticipationof furtherrule changedeadingto a reduction
of the numberof eld polesthe monte-carlo-localizatiotech-
nigue[34] wasadoptedasa localizationmethodwhich will still
be applicable,evenif the numberof poleswill be cutin half
[13].

After arobot haslocalizeditself, playersare extractedfrom
thescanby removing all pointsbelongingto the eld walls and
clusteringthe remainingones. For eachclusterthe centerof
gravity is computedand consideredas the centerof a playet
Inherentto this approachis the systematicakerror due to the
differentshapesof the robots[38]. At leastfor someplayers
this error canbe reducede.g., by assuminghat the opponent
goalkeepelis usuallyorientedparallelto thegoalline, addinga

Fig. 6. Screenshodf how the goalleeperocalizeditself andrecognizedhree
objectson the eld. The smallcirclescorrespondo clusteredscanpointsthe
light lines are candidatelines which are Itered away andthe dark lines are
candidatdineswhich arematchedwith the eld outline.

constanbffsetto the centerof gravity generallyreduceghe po-
sitionerrorfor theopponengoali¢'. Fromtheextractedplayers,
onecannotdecidewhichis friend or foe. This is thetaskof the
multi-robotsensoiintegrationdescribedn the next section.

Sincethe laserrange nders aremountedat a level that pro-
hibits the detectionof the ball, a camerais usedfor obtaining
informationaboutthe ball. Algorithmsin the CMVision soft-
warelibrary [6] areutilized for extractingcolor-labeledregions
(calledblobg from YUV imagestaken by the cameraandem-
ploying previously learnedcolortables.

A lter teststhe plausibility of blobs and discardsthe ones
whoseshape,size or position make it very unlikely to corre-
spondto the ball. From the remainingblobs the one closest
to the previously selectedlob is choserandvariousproperties
suchascenterradius,or sizein pixelsaredetermined.

Fromthe computedlob centerthe globalball positionis de-
terminedby using an off-line learnedmappingtable that con-
tains distanceand headingpairs for eachpixel. This lookup
tableis autonomouslyearnedby the robotbeforethe gameby
positioningitself atvariouspositiononthe eld andtakingmea-
surement®f the ball which staysata x edposition. Interpola-
tion is thenusedto computethe distanceandheadingpairsfor
pixelswhereno explicit informationis available[32].

Despiteof the applied lters, wrong ball measurementstill
occurreddueto re ections on shiry surfacesor poorly trained
colors,e.g.,thewhite eld markingsappearedo have a similar
color as shiry re ections on the ball. In orderto detectsuch
wrong ball measurementsy global sensorintegration module
integrateshe obsenationsof all players.

B. Multi-RobotSensointegration

All playerssendtheir own position,the positionof obsened
other playersand the position of the ball (if detected)to the
global sensorintegrationmodule (seeFigure 3). For eachob-
jectonthe eld (own playersopponenplayersandtheball) the
modulemaintainsa trackwhereobsenationssentby therobots
areassociatedvith andfusedto.

For playerobsenations,trackscontainingpositionmeasure-

Of coursethis offsetdepend®n the shapeof the opponent goalieandhas
to beadjustedbeforeagame.



mentsfrom anown playeraremarkedasteammateall othersas
opponent

The ball positionis determineddy a probabilisticintegration
of all ball measurementsomingfrom the players.A combina-
tion of Kalman ltering and Markov localizationas described

below is usedfor achieving maximumaccurag androbustness.

If no measurementsanbe associateavith atrackfor a cer
tain amountof time (e.g.,5 secondsn the currentimplementa-
tion), thetrackis deleted.

Becausehe global modelintegratesmoredatathana single
playeris ableto perceve, it shouldbe moreaccurateandcom-
prehensie thanary local world modelof a singleplayer The
fusedpositionsof playersandball are sentbackto all robots
on a regular basiswherethey areintegratedinto eachrobot's
world model. For theintegration,only objectscurrentlynot ob-
senedby therobotareconsideredEachrobotusuallyknowsits
own posewith high accurag, thereforethe informationabouta
robot's posein the globalmodelis not takeninto account.Fur
thermore,sincethe informationin the global modelis usually
100- 200 ms old, informationaboutobjectsobsened directly
by therobot's sensorss morerecentandmoreaccurate¢hanthe
onecontainedn the globalmodel. Thereforeonly objectsnot
obsenedby therobotareintegratedfrom theglobalmodel. Ad-
ditionally, the identi cation of players(teammateor opponent)
is takenfrom the globalmodel.

Using the sensorinformation of the whole teamenablesa
playerto considethiddenobjectswhenselectinganaction. This
provedto be especiallyadvantageoudor the global ball posi-
tion, sincethe ball is seenalmostall the time by at leastone
playet Furthermoreknowing whetheran obsered objectis a
teammater anopponents, of courseyery helpful for aneffec-
tive cooperatie teamplay.

C. Multi-Player Tracking fromReliableData

For eachobjectdetectedby one of the playersthe on-board
perceptionsystemcomputesheadingand velocity information
basednthelastfew obsenationsbelongingto this objectusing
differentiation. Eachobsenation is thencommunicatedo the
multi-sensorintegrationmodule. Thus, the obsenation model
is a randomvariablex with meanx
andcovariance  wherethe statevectorcontainsthe object's
position,headingandtranslationabndrotationalvelocities.

As the CSFreiburg robotsknow their own positionwith high
accurag andthe LRF providesaccuratedata,it is assumedhat
for playerobsenations  is aconstantliagonamatrixwith the
diagonalsnanuallydeterminedhroughexperiments.

Wheneer a robot sendsinformation abouta player which
cant be associatedwvith an alreadyexisting track, i.e., if the
distanceo all existing tracksexceedsa certainthresholda nev
trackis initiated. Tracksare modeledas Gaussiarvariablesx
with meanx andcovariance . Thus,wheninitiating a new
track, it is setto

X X Q)
For predictingthe stateof a track over time, a simple motion
modelis usedwith the assumptiorthat the objectmovesand
rotateswith constanspeed.Givena certaintime interval , the

trackis projectedaccordingto

X X (2

3)

where istheJacobiarof and is the covarianceof
someadditive Gaussiamoisewith zeromean:

(4)

with , , , and beingsomeconstanttandard
deviationsestimatedhroughexperiments.

Now, whena new measurement arrivesfrom one of the
robotswhich correspondgo a track x , obsenation andtrack
arefusedaccordingo:

X X X

()
(6)

Note, thatsincethe sensomodeldoesdirectly obsenethe sys-
temstate the simpli ed Kalman lter equationdoundin May-
beck[24] canbeutilized.

The succes®f aKalman Iter depend®n areliabledataas-
sociationmethod. In the currentimplementationa geometric
methoddevelopedby Velosoetal. [36] is used.The methodas-
signsmeasurement® tracksby minimizing thesumof squared
error distancedetweenobsenationsandtracks. Althoughthis
geometricmethodalreadyyields reasonableesultsin practice,
it shouldbe notedthatthe applicationof a probabilisticmethod
suchasjoint probabilisticdataassociationlters (JPDAF) [2],
[8], [27] might still improvetheresults.

D. Ball Tracking fromNoisyData

Trackingtheball from obsenationsof multiple robotsis sim-
ilar to trackingdifferentplayersbut thereare somenotabledif-
ferencesDataassociatioris easierastherecanbeonly oneball
in the eld duringagame.However, sinceball recognitionusu-
ally employs vision, measurementarelessaccurateandcanbe
in few casesunreliable e.g.,whenobservingfalsepositivesdue
to re ectionsor poorly trainedcolors.

Sincethevision sensoiis only ableto determinegthe heading
to theball with goodaccuray but failsto provide accurateange
data,especiallyif theball is far away from therobot,the covari-
ance of aball obsenationx depend®n thedistanceo the

ball. Giventherange and
heading of theball
with respecto therobotlocatedat pose , the
uncertainty  of theball positionis modeledas

(7)

where and are someconstantstandarddeviations de-
terminedempirically. From this, the obsenation error canbe
computedas

(8)



where

and and are further constantstandarddeviations
estimatedy experiments.

Initiation of a new track x from a ball obsenration is per
formedaccordingo:

X X 9
For predictingthe ball stateover time a similar function asfor
playermovementss usedbut the assumptioris taken that the
ball rolls onastraightline andslows down with deceleration

X X (20)
(11)
where and is asimilar constantovari-

ancematrix as to atten the Gaussiardistribution over
time. Finally, fusingnew obsenationsto this trackis analogous
to equationg5) and(6).

The Kalman lter for ball trackingpresentedn this section
assumesnoisy but reliable data, that is, no outliers are inte-
grated. However, sometimescompletelywrong ball measure-
mentswereobsered by oneof the robotsdueto re ections on
walls or poorly trainedcolors. Onepossibilityto lter outsuch

outliersis to usea validation gatethat discardsmeasurements

whoseMahalanobiglistances largerthanacertainthreshold ,
where ischoserfroma  distribution.

Sucha validationgate,however, hasthe problemthat when
onerobotis constantlysendingout wrong obsenationsandthe
Kalman Iter for somereasonis trackingthesewrong obsena-
tionsand Iters outall others,the globalball positionbecomes
unusable. Furthermore when the robot stopssendingwrong
obsenationsit takesseveral cyclesuntil otherobsenationsare
takeninto accountagain.For thesereasons moresophisticated
Iter methodis employedwhichis describedn thenext section.

E. Markov Localizationas ObservatiorFilter

In localizationexperimentscarried out on the mobile robot
Rhino[33], it becameevidentthat Markov localizationis more
robust,while Kalman Itering is moreaccuratavhencompared
to eachother[14]. A combinationof both methodss likely to
provide amaximumrobustandaccuratesystem.

For ball localization, this resultis utilized by emplgying a
Markov processas an obsenation Iter for the Kalman lIter.
A grid-basedapproachwith a 2-dimensional grid is used
whereeachcell is associatedvith the probability that

the ball is in this cell. The grid is initialized with a uniform
distribution beforeary obsenationis processedTheintegration
of new ball measurements thendonein two steps:prediction
andupdate.

In thepredictionstep,ball motionis modeledby aconditional
probability which denoteghe probability thatthe ball
isatposition giventhatit wasatposition . Uponball motion,
thenew ball positionis calculatedas:

(12)

Grid-basedViarkov localizationcanbe computationaéxpen-
siveif thesizeandespeciallythe dimensionof thegrid is large.
For ef ciency, only a 2-dimensionabrid is usedthat doesnot
storeary headingor velocityinformationof theball. Thismeans
thatthe positioncannotaccuratelybe estimatedvhentheball is
moving. For the motion model it is assumedhatall
directionsare equally possibleandvelocitiesare normally dis-
tributedwith zeromeanandcovariance . Therefore,
canbeexpresseasa Gaussiaristribution around

(13)

where is thetime passediuringball motion.
In theupdatestep,anew ball obseration is fusedinto the
probability distribution accordingo Bayes'law:

(14)

Thesensomodel determineshelikelihoodof observ-
ing giventheball is at position . It is modeledaccording
to:

(15)
where arethe componentof ball obsenation x as
de nedin Sectionlll-D and istheupperleft submatrix
of  ascalculatedn equation(8).

Maintaining the multi-modal probability grid makesit very
easyto distinguishwhich ball measuremerghouldbeintegrated
by the Kalman lter and which not. After updatingthe grid
with a new measuremerthe mostlikely ball positionis deter
mined, thatis, the cell with the highestprobability. Only mea-
surementsghatarecloseto themostlik ely positionarefusedinto
the Kalman lter andall othersareconsideredasoutliers. Fur-
thermore|f the currentstateof the Kalman Ilter doesnot cor-
respondo the mostlikely ball positionin the grid, the Kalman
Iter is re-initializedusingthis position.

By usingthis dual probabilisticlocalizationmethodhigh ac-
curagy is achievedthroughKalman ltering togetherwith high
robustnesghroughMarkov localization. One might arguethat
Markov localizationalonecould be sufcient for localizingthe
ball. However, sincepositionsarediscretizednto agrid andthe
ball positioncannotbe accuratelyestimatecbn ball motiondue
to the 2 dimensionalityof the grid, the resultingpositionwould
belessaccuratghanthe onefrom the combinedmethod.



F. Results

In orderto demonstratéhe performanceof the ball tracking
algorithm, let us consideran ambiguoussituationsuchasthe
onein Figure7. Two robots,playerl and3, obsenretheball at
thetruelocationin front of thegoalbut onerobot,player2, gets
it all wrongandthinkstheball is somavhereon thecenterine.

Fig. 7. Player2 obseresafalsepositve onthecenterine.
Assumingthat all threeplayerssendtheir ball obsenations
to the global sensorintegrationmoduleon a regular basis,the
probability distributionsasshown in Figure8 result.
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Fig. 8. Evolution of the positionprobability grid.

When integrating the rst three measurementsll of them
arefusedby the Kalman Iter sincenoneof themhasbeende-
tectedto be an outlier yet. Note that after updatingthe grid
with the secondneasurementhe probability distribution hasa
sharppeakat the centerline causedy the low uncertainmea-
suremenof player2 which thinksthe ball is close. After inte-
gratingmoremeasurementgheprobabilitydistributionconcen-
tratesmoreandmoreon the true ball locationandfurthermea-
surementsrom player2 (left graphon bottomrow in Figure8)
cannotut-weighthetruelocationanymore.Thus,afterthe rst
integration of obsenationsfrom all players,subsequentead-

ingsfrom player2 are ltered out andthe Kalman lter tracks
theball basedn obsenationsfrom playerl and3 only.

In orderto verify that the ambiguoussituationas described
aboveis not anacademicase datarecordedrom competition
gameshave beenreviewed. Fromthe 118,388ball obsenations
duringRoboCup2000,9380f theseobsenations( ) were
excludedusingthedescribedind of Itering. Theimplications
fromsucha Itering andmoreinformationabouttheaccurag of
thetrackingmethodscanbe foundin our paperon cooperatie
sensing9].

1V. TEAM COORDINATION

Soccetis a complex gamewherea teamusuallyhasto meet
several requirementsat the sametime. To ensurethatin ary
gamesituationa teamis preparedo defendits own goal, but
alsoreadyto attackthe opponengoal,thevariousteamplayers
haveto carryoutdifferenttasksandneedto positionthemseles
atappropriatestrat@ic positionson the eld.

To expressthat a playerhasa taskwhich is relatedto a po-
sition in theteamformationa playeris saidto pursuea certain
role [29]. Distinguishingbetweerdifferentareasf responsibil-
ity thefollowing rolesareestablished:

active theactive playeris in chage of dealingwith the ball.
The player with this role hasvarious possibleactionsto ap-
proachtheball or to bring theball forwardtowardstheopponent
goal.

strategic: thetaskof the stratayic playeris to securethe de-
fense.lt maintainsa positionwell backin its own half.

support the supportingplayer senes the team considering
the currentgamesituation. In defensve play it complements
theteams defensve formationandin offensive play it presents
itself to receve a passcloseto the opponentgoal.

goalkeeper the goalkeeperstayson its goal line and moves
dependingnthe ball's position,directionandvelocity.

As the goalkeeperhasa specialhardware setupfor its task,
it never changests role. Thethree eld players,however, are
mechanicallyjdenticalandswitchtheirrolesdynamicallywhen-
evernecessary

A. Preferred Poses

Theapproactof CSFreiburg for determiningapreferredpose
for each eld playerrole is similar to the SFAR methodof the
CMU teamin the smallsizeleagu€30]. Fromthe currentsitu-
ationasobsenedby the players,a potential eld is constructed
which includesrepulsie forcesarising from undesirableposi-
tionsandattractingforcesfrom desirableones.

Figure 9 shavs an exampleof a potential eld for the pre-
ferredpositionof the active player Dark cellsindicatevery un-
desirablepositionswhereadight positionsrepresenvery desir
ablepositions.Theresultingpositionis markedwhite. Theideal
positionfor theactive playeris consideredo beatleastacertain
distanceaway from other playersand at an optimumdistance
andangleto the ball. While the optimumdistances x ed,the
optimumangleis determinecy interpolatingbetweera defen-
sive andanoffensive variantdependingon theball's position. A
defendingplayershouldbeplacedbetweerthe ball andthe own
goal,butin offensie play theball shouldbe betweerthe player



andthe opponengoal andthe playershouldfacethe opponent Additionally, the tolerancedor reachingthe preferredposeof

goal.

Fig.9. Potentialeld for determiningheactive position.

Figure 10 shows the potential eld for the desiredposition
of the strateic player It is basedon the samegamesituation
and usesthe samecolors asthe examplefor the active playet
The stratgjic playeris supposedo stay well behindall play-
ersandthe ball andshouldprefercentralpositionswith regard
to its own goal. Only the active playeris assigneda repulsive
forceexplicitly in orderto enforcestayingout of its way. Other
playersare avoidedimplicitly by the path plannerwhich nds
anappropriateositioncloseto the desiredone.

Fig.10. Potentialeld for determiningthe stratgic position.

Figurellshavshow in the samegamesituationasabove the
defensie supportpositionis determined.The supportershould
stayaway from all otherplayersandat a certaindistanceto the
ball. As the supportingplayer shouldcomplementhe teams
defensie formation,additionallypositionsbehindandasidethe
active playerarepreferred.

Fig. 11. Potential eld for determiningthe supportposition.

To avoid "overreactingto the constantlychangingernviron-
mentaplayer's currentposeis favoredwith a persistencealue.

thedefendingplayersaredeterminediynamicallydependingn
how muchturningis requiredto moveto theseposesBy allow-
ing large tolerancedor large anglesbut requiring small toler
ancedor smallanglesit is achievedthata playeronly startsto
updatéts poseif the new posediffersconsiderablyrom theold
one. But oncethe playeris moving towardsthat preferredpose
it intendsto approacht accurately
Toreachapreferredpose aplayerfollowsacollision-freetra-
jectory generatedy a path planningsystemwhich constantly
(re)planspathsbasedon the player's perceptionof the world.
The systemis basedon potential elds anduses  searchfor
nding its way out of local minima [35], [40]. In orderto
avoid interferingwith the active player, the stratejic and sup-
portingplayerareaddingextrasource®f repulsiveforcesahead
of the active's way. Furthermoreto reducecollisionsbetween
teammateghe prioritized path coodination method[21], [3]
was adopted. The playerscommunicateheir currentpathsto
their teammatesndcheckfor potentialcollisionsin thefuture.
Wheneeracollisionis detectedherobotwith thelower priority
reducesdts velocity suchthat collisionswith higher prioritized
robotsareavoided. Theplayersprioritiesarederivedfrom their
currentrole, assigninghe highestpriority to the active andthe
lowestto the supportingplayer[12].

B. Roles

After a eld player has determinedthe bestactive, strate-
gic and supportposesfrom its perspectie, it estimatesutili-
ties for eachrole, which are basedon the role itself and on
anapproximatiorfor thetime it would take the playerto reach
the correspondingreferredpose. The utilities are determined

by taking into accountthe robot pose , the ball
position , the preferredpose , and posi-
tions of otherobjectsfrom the setof objects in the

player's world model. In orderto simplify notation,positions
are abbreviated by vectors

denotesthe orientationof a vectorand its
length. The utility for a preferredpose is calculatedrom the
following constituents:

Distanceto targetposition:

Angle necessaryor the robot to turn towardsthe preferred
position:

Objectsbetweenthe player and the target position:

Angle necessaryto turn the robot at the preferredposition
into the orientationof the preferredpose. The target orien-
tation is either the bearingto the opponents goal (role ac-
tive) or the bearingto the ball (roles strategic and suppor):

The total utility for the preferredpose is now com-
putedastheweightedsumof all criteria

(16)

wherethe weights sumupto and arefuzzy functions

yielding valuesin the interval . Thevaluereturnedby a
function s the higher, the betterthe valueof its argumentis



consideredo befor theplayer Finally, theutilities areweighted
by theimportanceof therole, i.e.,theactiverole is moreimpor-

tantthanthestrategic role, whichin turnis moreimportantthan
thesupportemole.

In orderto decidewhichroleto takeaplayersendgheutilities
estimatedor eachroleto its teammateandcompareshemwith
the receved ones. Following a similar approachtaken by the
ART team([7], eachplayer's objectve is to take a role so that
the sumof the utilities of all playersis maximized- underthe
assumptiorthatall otherteamplayersdo the same.In contrast
to the ARTapproacha playerdoesnt take its desiredrole right
away, but checksrst if nootherplayeris currentlypursuingthe
samerole andconsideringhatrole bestfor itself aswell. As the
world modelsof the playersarenot identicaltheir perspecties
canin factdiffer. Thereforeaplayeronly takesaroleif eitherno
otherplayeris currentlypursuingthatrole or thepursuingplayer
signalsthatit actuallywantsto changeits role. Thatway with
only little extra communicatioreffort the numberof situations
is reducedvheremorethanoneplayerhave the samerole.

A problemfor this approachare situationswhere different
playerscomeup with very similar utilities for a certainrole and
therolesmightoscillate.However, by addinga hysteresigactor
to theutility of aplayer'scurrentroleit is ensuredhata player
only givesuparoleif its realutility for thatroleis clearlyworse
thantheoneof its teammate.

As this approactdepend$eaily on communicationaf all-
back” strategy is implementedor situationsin which commu-
nicationis not possibleor not working. A CS Freiburg player
detectghesesituationsby monitoringthetime it lastreceveda
messagérom theglobalworld model.If thelastmessagés too
old, it assumes communicatiormalfunctionandlimits its area
of play to a prede nedcompetencarea[16]. Thecompetence
areasof the playersaredesignedn a way thatimportantareas
onthe eld arecoveredby atleastoneplayerandensuringthat
the players(which don't recognizetheir teammatesnymore)
don't disturbeachother

Figure 12 shaws a screenshobf the global view during a
game. While the active playerdribblesthe ball aroundan op-
ponentthe supportingplayermovesto its preferredgoositionand
the strataic playerobsenesthe ball.

Fig. 12. Visualizationof the resultsof the global sensorintegration together
with a players utilities for takinga certainrole, its currentrole andits current
action. The smallwhite circle denoteghe positionof the ball asdeterminedhy
theglobalsensointegration,whereaghe smallgrey onescorrespondo theball
asperceved by theindividual players.

C. Results

In orderto verify the effectivenessf the teamcoordination
approach,log- les of gamesthe CS Freiburg team played at
RoboCup2001wereevaluated.

Table | displays statistics evaluating the role assignment
method. All valuesare averagedover the gamesplayed at
RoboCup2001in Seattle.In the rst line thelengthof thetime
intervalsour playerskepta certainrole arelisted. Interestingly
thevaluedfor the eld playersaresimilarto theaveragebetween
role switchesof 7 secondseportedby the ARTteam[7]. The
secondine shavs how long (on average)a role wasnot unique
whentherewasarole change.This time is differentfrom zero
becausef two reasonsFirstly, thecommunicatiorof therobots
is not synchronizedso onerobot might alreadytake on a role
evenif the otheronewill only give it up thenext time it sends
aninformation package. Sincethe cycle time of our robotsis
100msec,onewould expectanaveragedelayof 50 msecat this
point. Secondlythereis the problemthatthereare glitchesin
the wirelesscommunication]eadingto the lossof someinfor-
mationpackagesyhichmeanghatarole changes notrecorded
immediatelywhich explainsthe remaining25-55msec.

| Role | Active| Support] Strateyic |
Rolekept 5.4s 8.1s 5.7s
Rolenotunique(perchange)| 0.106s | 0.075s| 0.076s

TABLE |
EVALUATION OF THE ROLE ASSIGNMENT METHOD

V. BASIC SKILLS AND ACTION SELECTION

In orderto play an effective and successfugameof robotic
soccera powerful setof basicskills is needed.

A. Goalkeeper

As in mostotherrobotsocceiteamsn themiddlesizeleague
the hardware con guration of the goalkeeperdiffers from the
oneof the eld playerswhich is mainly becauseof the differ-
enttasksthe goalkeeperand eld playersaredesignedor. The
CSFreiburg goalkeepethasa specialhardwaresetupwherethe
top part of the robot, containinglaserrange nder and vision
camerajs mounted  to onesideallowing the robotto move
quickly parallelto the goal line (seeFigure 13). This kind of
setupis quite popularin the middle size leagueand usedby
otherteamstoo.

The goalkeeperusessix skills for defendingits goal as
sketchedin Figure 13. If the goalkeeperdoesnt know where
theballis, it alternatelymovesalittle bit closertowardsthegoal
centerandrotatedeft andright searchindor theball. Whenthe
ballis moving slowly thegoalkeepeiblocksin orderto minimize
theareaof attack.However, if theball is moving fast,the goal-
keepetinterceptsat the point wherethe ball is expectedto pass
the goalline. In practicea "smooth” behaior is achieved by
interpolatingbetweerthe block andinterceptpositionconsider
ing the ball's velocity. If theball is on the side of the goal, the
robot turnstowardsthe cornersto maintainthe ball in its eld
of view andto make it moredif cult for anopponento scorea



Fig. 13. Goalleepers tacticsfor saving the CSFreiburg's goal: (a) ball search-
ing, (b) minimizing the areaof attack, (c) interceptingthe ball, (d) turning to

corner (e) interceptionusingopponentheading,and (f) interceptionusingop-

ponentto ball heading.

directgoal. Thelasttwo andmoresophisticatedacticsfor inter-

ceptingtheball arebasedn the headingof anopponenbwning

theball (Figure13(e)),or theheadingof anopponento the ball

(Figure 13(f)). They assumehatthe attackingrobotwill kick

theball straightaheadwhich is truefor mostrobotteamspartic-

ipatingin the middle sizeleaguebut is nottruefor a few teams
(e.g.,Golemor Alpha++). For this reasorthesetwo tacticscan
beturnedon or off atgamestart.

B. BasicSkillsof Field Players

To get hold of the ball a playermovesto a position behind
the ball following a collision-free trajectory generatecby the
pathplanningsystemwhich constantly(re)plangpathsbasedn
the player's perceptiorof theworld (GoToBall). If closeto the
ball a player approacheshe ball in a reactve mannerto get
it preciselybetweenthe ippers while still avoiding obstacles
(GetBal). Oncein ball possessiona playerturns and moves
the ball carefully until facingin a direction which allows for
an attack(TurnBall). If the playeris right in front of the op-
ponentgoal, it kicks the ball in a directionwhereno obstacles
block the directway to the goal (ShootGod). Otherwiseit rst
headgowardsa clearareain the goalandturnssharplyjust be-
fore kicking in casethe opponenigoalkeepemovedin its way
(MoveShootEint). However, if obstaclesarein the way to the
goal, the playertries to dribble aroundthem (DribbleBall) un-
lessthereis not enoughroom. In this casethe ball is kicked
to a position closeto the opponentgoal (Shoot®Fos). In the
event of beingtoo closeto an opponentor to the eld border
the ball is propelledaway by turning quickly in anappropriate
direction(TurnAwayBal)). If aplayergetsstuckcloseto anob-
stacleit triesto freeitself by rst moving away slowly and (if
this doesnt help) thentrying randommoves (FreeFomStal).
However a playerdoesnt give way if the ball is stuckbetween

himself and an opponentto avoid being pushedwith the ball
towardshis own goal (WaitAndBloK).

Againstfastplayingteamsthe CSFreiburg playersareoften
outperformedn theracefor the ball whenapproachingt care-
fully. Thereforetwo variantsof a skill for situationsin which
speeds crucialweredeveloped. Both let the robotrushto the
ball andhit it forwardswhile still avoiding obstacleslin offen-
sive play BumpShoot@&nsds employedto hit theball into the
opponentgjoalwhenvery closeto it. In defensie play theuse
of BumpShootDefenszan be switchedon or off accordingto
the strengthof the opponent.

Playersful lling strateyic taskscomputetheir positionsand
follow collision-freepathsto dynamicallydeterminedgpositions
(GoToPos). Fromthesepositionsthe playerseither searchthe
ball if notvisible (SeachBall) by rotatingconstantlyor obsene
it by turning until facingit (ObserveBall. In offensive play a
supportingplayermayalsotake a positionfrom whereit should
be ableto scorea goal directly (WaitForPasg. Oncein sucha
position,it signalsto its teammateshatit is waiting to getthe
ball passed.The decisionis thenup to the ball owning player
whetherto passthe ball (PassBal) or to try to scorea goal by
itself.

To complywith the“10-secondsule”® aplayerkeepsrackof
thetimeit is spendingn apenaltyarea.Wheneerit comeclose
to violating the 10-secondsule, it leavesthe areafollowing a
collision-freepathgeneratedy the samepathplanningsystem
asemployedin the GoToBall skill (LeaveRnaltyAea).

The CSFreiburg playersare capableof effectively dribbling
with the ball aroundobstaclesand exploiting deliberatelythe
possibility of reboundshotsusingthe walls?. In the following
thesetwo skills aredescribedn moredetail.

Figurel4(a)shavsascreenshatf aplayer'siocalview while
dribbling. In every cycle, potentialcontinuationf the current
playareconsideredSuchcontinuationgrelinesto pointscloser
to the opponents goal within a certainanglerangearoundthe
robot's heading.

(@) (b)

Fig. 14. A CSFreiburg players view of the world while (a) dribbling and
(b) ball-shooting. Circles denoteother robotsandthe small circle in front of
theplayercorrespondso theball. Linesalmostparallelto the eld bordersare
perceved by thelaserrange nder. Theotherlinesleadingaway from theplayer
areevaluatedby theskills.

All the possiblelines are evaluatedandthe direction of the

A playeris allowed to entera goal areafor no morethan 10 seconds Visit
www.robocup.og for acompletedescriptiorof therules.

Of coursereboundshotsonly make sensevhengamesareplayedaccording
to the”old rules”which ernvisionwalls as eld borders



bestline samples takenasthenew desirecheadingof therobot.
A line is evaluatedby assigningavalueto it, whichis thehigher

thefurtherit is away from objects thelessturningis necessary

for the playerandthecloserits headings to theopponentsgoal
center Determiningthe robotsheadingthis way and adjusting
the wheelvelocitiesappropriatelyin every cycle lets the robot
smoothlyand safely dribble aroundobstacleswithout loosing
theball. TheCSFreiburg teamscoredsomebeautifulgoalsafter

a playerhaddribbledthe ball over the eld aroundopponents
alonganS-liketrajectory Of courseall thisonly worksbecause

theball steeringnmechanisnallows for atight ball control.

Figure 14(b) showns a screenshobf a player during ball-
shooting. For this skill the lines arere ected at the walls and
areevaluatedo nd thebestdirectionwhereto kick theball. A
line'svalueis thehigherthefurtherawayfrom obstacled is, the
closerits endpointis to theopponents goalandthe lessturning
is requiredfor the playerto facein the samedirection. Taking
into accounthatthe ball doesnt reboundatthe eld bordersin
aperfectbilliard-like mannethecorrelationbetweertheangles
of re ection is calibratedmanually Usingthe shootingskill the
playerswereableto play the ball effectively to favorableposi-
tionsandevento scoregoalsdirectly.

C. ActionSelectiorfor Field Players

The CS Freiburg's action selectionmoduleis basedon ex-
tendedbehaior networks developedby Dorer[11]. They are
a revisedandextendedversionof the behaior networksintro-
ducedby Maes[23] andcanbe viewed asa particularform of
decision-theoretiplanning. The main structuralelementin ex-
tendedbehaior networksis thecompetencenodule which con-
sistsof preconditionseffects,anda certainbehaior thathasto
be executed. Goalscanbe explicitly speci ed andcanhave a
situation-dependemélevance re ecting theagentscurrentmo-
tivations. The stateof the environment,asit is percevedby the
agentjs describedria anumberof continuouslywaluedproposi-
tions . Competencenodulesareconnectedvith goals
if they areableto in uence goal conditionsandalsowith each
other if a competencanodule hasan effect thatis a precon-
dition of another Along the resultingnetwork connectionsan
activationspreadingmedanismis de ned, with goalsbeingthe
sourceof activation. An actionis selectecby consideringeach
competencenodule’s executabilityandrecevedactivation.

Figure15shownsapartof theextendedoehaior network [25]
usedfor the CS Freiburg players. The ellipsesrepresenthe
competencenoduleswith their preconditionsbelov andtheir
effects on top of them. The playershave two goals: Shoota
soccergoal or coopeatewith teammatesTherelevancecondi-
tion role_active (playerhasactiverole) ensureshatonly oneof
thesegoalsis relevantat a time dependingon the player's cur-
rentrole. The strengthof the effect connectiongindicatedby
the numbersnext to arrowvs) aresetmanuallyandarerelatedto
the probability of success.

D. LearningBasicSkillsand ActionSelection

Onedif culty in robotics(andin particularin roboticsoccer)
is to adaptskills andthe overallbehaior to changesn theervi-
ronment.An upgradeof therobot'skicking device, for example,
in uencestheoverallperformancelrasticallyandparametersf

1.0 1.0

cooperate

0.5

MoveShootFeint GotoStrategicPosition

! [role_svategic

0.9

good_getball_dist

GotoBall
good_getball_angle
getball_ballway_free

ball_present

Fig. 15. A partof CSFreiburg's extendedbehaior network.

theskills andtheactionselectiormechanisnhave to berevised.
In orderto addresghisissue learningmethoddor learningun-
supervisedndonlinehave beenevaluated Theultimategoalin
this context is to build robotic socceragentshatimprove their
skills duringtheir wholelife asef ciently andquickly aspossi-
ble [20].

We appliedhierarchicalReinfocement_earning (RL) based
on SemiMarkov DecisionProcesse$§SMDPs)asproposedy
Bradtke andDuff [5]. In contrasto Markov DecisionProcesses
(MDPs), which arede ned for an actionexecutionat discrete
time steps SMDPsareproviding a basisfor learningto choose
amongtempoally abstiactactions Temporallyabstracections
are consideredn standardSMDPsas black box skills, which
executea sequenc®f actionsin a de ned partition of the state
spacefor anarbritraryamountof time.

In contrasto otherimplementationdasecn SMDPsthede-
scribedimplementatiorhasthe capability of learningsimulta-
neouslyandonline on all levels of the hierarchy similar asDi-
etterichs MAXQ method[10]. Henceskills weremodelledas
MDPswith rewardsde ned accordingto the speci c task.

The learners state spaceconsistsof position and velocity

of the ball, the poseand velocity ,
with , of otherrobotsin the eld of view, andpose
and velocity of the robot itself. The learners
actionspaceis givenby the setvaluesfor translationabndro-
tational velocity and a binary value for triggering the
kicking device. Sincethe statespacethoughbasedn features,
is still large,themethodof Tile Codinghasbeenutilizedto gain
theeffect of generalizatio§31].

Dependingon the skill's natural goal, terminal stateshave
beende ned thatindicatea successfuéxecutionby areward of

anda non-successfudxecutionby a reward of . Fur-
thermorejn orderto fosternearoptimalandthusfastsolutions,
anegatverewardof  wasemittedfor eachselectedaction.

The SMDP andthe MDPs have beenlearnedwith Q( ) and
Sarsa(), respectiely. At this, Q-learningis usedwith Eligibil-
ity Tracesin orderto improvethelearningprocessExperiences
aretaken for an updateof the whole traceratherthanfor the
lasttransitiononly. As the executionof a skill usuallyenvolves
mary perception-actiomycles,Eligibility Tracesacceleratehe
distribution of informationwithin the valuefunction. ’

Thein uence of experienceon former statesis setby the parameter
(a commonvalue whenlearningwith n-stepupdates).The otherlearning
parameterfiave beenchooserasfollows: Learningrate (small, due
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Fig. 16. Learningthe skill ApproadBall after (a) 10, (b) 100, (c) 500 and(d)
15000episodes After 500 episodeghe goal of the taskcould continuouslybe
achiered. Thetime indicatesthe averagedurationof oneepisode.

Thetrainingprocessasbeencarriedoutin a straightforward
manney similar to the way humanswould train soccer Firstly,
basicskills, asdescribedn sectionV-B,2 have beentrainedin
simple, staticscenarios.Secondly the appropriateselectionof
theseskills andtheirembeddingnto thetaskhasbeentrainedin
arealisticscenariovhich wasa gameagainst hand-craftedCS
Freiburg player Dueto the complexity of thetaskit turnedout
to be necessaryo developa simulationfor a fasterpre-training
of therobots.Figure 16 givesanimpressiorof the evolution of
the skill ApproaciBall duringlearningin the simulation.

E. Results

Tablell showvsstatisticsof how oftenaskill wasperformedn
the nal gamesat RoboCup2000brokendown for the different
roles. It seemgyuite surprisingthatthe playersweresearching
for theball up to 10 % of thetotal playingtime. However anal-
ysisof thelog- les shavedthatthe high numberscanbe either
attributedto communicatiorproblemsor to oneof the few situ-
ationswherenoneof the playerswasseeingthe ball. The sup-
porting and strateyic playerspentmostof their time observing
the ball. This wasintendedsincemoving more often or more
accuratelyto a target positionswould resultin a very nenous
andlesseffective behaior.

At a rst glanceit seemsurprisingthatthe active playerwas
mostof thetime (64 %) occupiedwith gettinghold of the balll.
However the fact that after kicking the ball the active player
usually startsto follow the ball againexplains the high num-
bersfor GoTo andGetBall Neverthelesst madeuseof all the
skills availableto it demonstratinghatit distinguishedetween
alargenumberof differentgamesituations.

The learningof skills andtheir selectionhasbeenevaluated
with respectto the systemscapability of adaptionto the task.
Figure 17 documentghe rewardsreceved during learningby
the robotwith the reducedkicking device (normalkicker) and

to the non-determinisnof the ervironment),explorationrate
sincehighexplorationcouldleadto failures)anddiscountingoarameter
(dueto the presencef anabsorbingstate).

Note, that the skills are learnedfrom scratchwithout a priori knowledge
expecttherewards.

(small,

| [Active [Stratgic  [Support |
BumpShootDefensf 7 0 0
BumpShootOfense|| 1 0 0
DribbleBall 14 0 0
FreeFromStall 13 0 0
GetBall - 32 0 0
GotoBall - 32 0 0
GoToPos 0 16 40
LeavePenaltyArea || 1 0 0
MoveShootFeint 1 0 0
ObseneBall 0 I 75 | — 50
SearchBall 15 mo m10
ShootGoal 13 0 0
ShootbPos 2 0 0
TurnBall 2 0 0
TurnAwayBall 14 0 0
WaitAndBlock 13 0 0

TABLE I
TIME IN PERCENT A SKILL WAS PERFORMED IN THE FINAL GAMES AT
RoBOCuUP 2000 BROKEN DOWN FOR THE DIFFERENT ROLES

100, : : : | : |
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—— Strong Kicker
Baseline CS-Freiburg-Player |
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Fig. 17. Learningto improve pre-learnedkills andtheir selectionwhile com-
petingwith a hand-craftechlayer If equippedwith a differentkicking device
(normalkicker), therobotadaptdts stratey.

the robot with the kicking device usedfor pre-learning(strong
kicker). The baselineindicatesthe averageof the accumulated
rewardsa CSFreiburg Playerwith normalvelocity achiezesdur-
ing oneepisode Dueto thefactthatskills werepre-trainedvith
a strongkicker thelearnerusingthe normalkicker reachedess
rewardsduring the rst episodes. After episodes,
however, playingwith anormalkickerturnsoutto bemoresuc-
cessfulthan playing with the strongone. The learnerwith the
normalkicker developsa differentway of playing: He is drib-
bling moreoftento the front of the goal and performsa rather
preciseshootfrom smalldistance.

Finally thetrainedsystemhasbeenrun onarealrobot. While
playingfor onehourthelearnemnwasableto score goalsper
minute. In contrastthe hand-crafted_S Freiburg playerscores

goalsperminute. Note, thatcomparedo the hand-crafted
playerfarlesstime wasneededor designandparameterization.



VI. CONCLUSION AND DISCUSSION

The combinationof methodsdescribedabore aswell asthe
implementationof the methodsthemselesled to a successful
roboticsoccerteam,asdemonstratethy the performancef CS
Freiburg atthe RoboCupcompetitions.Neverthelessthereare
two importantquestions.Firstly, thereis the questionwhether
therearealternative successfutlesigndor roboticsoccetteams.
Secondlythereis the questionin how far RoboCupcanin u-
encethe multi-robotand/ormulti-agentresearclareas.

A. Designdfor RoboticSoccerfTeams

Reconsideringhe history of the last ve yearsof RoboCup,
thereare,of course otherquite successfutobotic soccerteam
designs Ourteamrepresentgust onepointin the spaceof pos-
sible designs. It canbe characterizedy the following salient
properties:

. accurateandreliableself-localization

. alargesetof basicskills

. deliberatiorandreactive planning

. groupcoordinationfor sensingandacting

. restrictedperceptiononly to thefront)

. restrictedmobility (two differentialdrivesandonecaster)
(1)—(4) are propertiesthat de nitely help to win games. In
particular without self-localizationit can often happenthat a
team scoresown goals (and the history of RoboCupis full
of examplesof that). Furthermore accurateand reliable self-
localizationallows the CSFreiburg playersto go to their kick-
off positionsautomatically(while otherteamsplacetheir robots
manually). In addition, accurateself-localizationis needed

whenonewantsto comply with the 10-secondsule (seeSec-
tion V-B). However, anuncertainbut goodenoughposeestima-
tion might oftenbe enough.As a matterof fact,in thetwo nal
gamesat RoboCup2000and2001,the otherteamsdid not use
accurateself-localization but wereneverthelesvery strong.

At RoboCup2000,the Golemteamdemonstratethatrobots
with omni-directionalvision andan omni-directionaldrive can
bevery agileandreactie, enablingthemto befasterat the ball
thanthe CSFreiburg players. The strengthof the Golemteam
can, for instance be judgedfrom Figure 18, which shows the
tracesof the positionsof theball andthe CSFreiburg playersas
recordedn thequarter nal gameandthe nal game.

While in thequarter nal againsCMU HammerheadtheCS
Freiburg playersspentmostof the time in the opponent half,
they were forcedinto their own half most of the time during
the nal gameagainstGolem The gamewas nally won by
CSFreiburg by penaltykicks. All in all, it wasthe overallim-
pressiorthatthe mechanicatlesignandthe sensorsetupof the
Golemteamwassuperior but that CSFreiburg wasableto com-
pensatdor this by accurateself-localization teamplay, anda
goodgoalie.

Similarly, during the nal gameat RoboCup2001, the Os-
akaTrackiesput CSFreiburg underalot of pressureThey also
usedanomni-directionatcameraput no omni-directionabrive.
Neverthelessthe platform had high agility andthe playersof
Osakalrackiesweremuchfasterattheball thanthe CSFreiburg
players. This gamewasdecidedbecaus®ne Osakarobotwas
removedfrom the eld becausef aredcard,onewasremoved
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Fig. 18. Traceof thepositionsof theball (black)andthe CSFreiburg's players
(light color) at RoboCup@000during(a) thequarter nal and(b) the nal —both
timesplayingfrom left to right.

becausef ahardwareproblemandthegoaliehadasevereprob-
lemaswell. In this situation,CSFreiburg scoredthe only goal
duringthegame.FromthisgameonegottheimpressiorthatCS
Freiburg wasableto compensatéhe speedf the otherteamby
averyreliablegoalieandrobustnes®f the hard-andsoftware.

Summarizingthe brief comparisonwith designsof other
strongteamsit is clearthatthe CSFreiburg designis quitecom-
petitive, but therearealternatve designghatareascompetitive
asCSFreiburg.

B. TheRelevancefor Multi-Robot-and Multi-Agent-Systems

As should have becomeohvious, robotic socceris a rich
sourceof inspirationfor multi-robot and multi-agentresearch.
It hasalreadyled to the developmentof interestingmethods,
e.g.,our fastscan-basetbcalizationmethodin polygonalervi-
ronmentg17], ourglobalobjecttrackingtechniquedescribedn
Sectionlll-B, the SFAR methodfor decidingthe placemenbf
playersonthe eld [30], andthedynamicrole assignmentech-
nique developedby Castelpietreet al. [7]. And this list is by
far not complete.Although someof thesemethodsare speci ¢
to roboticsocceythey mayneverthelessene asinspirationfor
similar problemsin othermulti-robotapplications.

FurthermoreRoboCupis anattractve testbedor comparing
differentmethodsunder“hostile” conditions. The mostinter-
estingaspectof the RoboCup,however, is the needto design
andimplementsystemghat “close the loop” from obsenation
over actionplaningandactionselectionto actionexecutionand
monitoring. It is notenoughto comeup with methodghatwork
in isolationunderideal conditions,but onehasto usemethods
thatcanbeintegratedinto alargesystemandthatshov graceful
degradatiorwhensomethinggoeswrong.



Of course the RoboCupervironmenthasa numberof prop-
ertieswhich may limit transferabilityto other multi-robot ap-
plications. For example,on a robotic soccer eld onecanas-
sumethat communicatiorradiusis not a limiting factorin es-
tablishingsuccessfutommunicatiorinks betweenthe agents,
while in largerscaleapplicationsonemight be very well forced
to considerlocal, temporary ad-hoccommuncatiorinks [18].
Also, therobotscanalmostalwaysobsene therestof thegroup,
which may not be true whenoperatingin larger environments.
However, the necessityto beresponsie to dynamicchangesto
substituterolesof brokenrobotsandto berobustin generalare
propertiefoundin almostall multi-robotapplications.
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